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Abstract 
The wide spread of internet resources has emerged new paradigms of learning and knowledge delivery to facilitate and enhance 
learning particularly in e-learning systems. The important milestones of these new paradigms are known as digital learning 
objects (DLO) which are smallest packed bits for learning. The abundance of these DLOs raises an important question on how to 
select effectively high quality reusable learning objects. There exist many soft computing approaches such as; fuzzy computing, 
neural networks, evolutionary computing, support vector machines, machine learning and probabilistic reasoning. In this paper, 
fuzzy multi-criteria decision-making methods in choosing suitable DLOs were reviewed. This paper discusses recent variety of 
soft computing methods used in selecting and evaluating digital learning objects through multi criteria decision analysis 
approaches used; for selecting metrics like basic topical, course similarity, internal topical, basic and user similarity personal, and 
context similarity situational relevance and for evaluation; scalarization method, employing triangular, trapezoidal and distance 
based similarity (adapted from TOPSIS techniques).  As DLOs continue to evolve it is inevitable to utilize multi-criteria 
techniques for selecting and or improving quality. The abundance of DLOs has increased the need for applying practical soft 
computing techniques to retrieve high quality, reusable DLOs.  
© 2016 The Authors. Published by Elsevier B.V. 
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1. Introduction 
Technologically based developments have changed the direction towards on how effectively and efficiently use 
ICT for learning and teaching.  The two main building blocks of the ICT have been developed in order to meet with 
these demands which are; digital learning objects (DLO) and metadata the tag/descriptor of a DLO that is used in the 
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selection/classification/modification of suitable DLO. A DLO is any digital entity for the purpose of teaching and 
learning facilities which can be reusable, sharable and portable. A DLO’s descriptive metadata can be manipulated 
easily for management and structure purposes while a DLO as the basic component of learning can be utilized in 
different instructional contexts. A DLO has an instructional content with learning outcomes and objectives and can 
be perceived as standardized, small, interchangeable chunks of blocks to build a complete course in a digital e-
learning environment. A digital learning object from the perspective of educational technology can be utilized to 
enhance learning through interactive learning activities, by combining multi-media (text, audio, graphics, animation, 
video, simulation) together. DLOs can be available in digital learning object repositories known as LOR, and can be 
classified, retrieved and accessed using their metadata. LORs are kind of databases for to storing, locating and 
referencing DLOs. The most important feature of DLOs is their reusability in different learning environments such 
as classrooms as well for various intentions either as supplementary or as complete entity to ongoing lectures. The 
new education paradigms have forced to look for it availability of easily located and reusable learning facilities. 
Therefore DLOs can be reused, shared in any sorts of technology supported learning. 
Since locating particularly high quality DLOs are now in great demand, in the literature, there exist numerous 
criteria in the evaluation of a DLO on the efficiency and effectiveness for teaching and learning. Yet the question of 
how the quality assurance of DLOs can be maintained remains still ambiguous. Definitely there is need for certain 
systematic evaluation methods as valued practices if high quality standards of web-based/assisted education have to 
become effective. There have been some attempts in the literature to define the crucial attributes of the quality of 
DLOs. While Muspratt and Freebody10 addressed that the searchability criteria of learning objects that should match 
with educators’ expectations as content, granulity/size,  reusability (being able to be combined in several learning 
settings), having controls, penalties for wrong answers, grade levels, Metros and Bennett9 mentioned that DLOs 
should be portable – to be able work in multiple platforms and course management systems, accessible- available 
and conveyed efficiently, durable- should stay stable and reusable as the technology evolves and changes, 
interoperable- can be supported by any means of browsers and course management systems without having 
problems17. Albeanu and Vladicescu1 divided these criteria into two categories as general and specific. The general 
criteria includes content, standards for portability,  learning goal, accessibility, interaction usability and reusability 
adequacy to self-learning whereas specific criteria deals with text, image/audio/animation/video quality for 
appealing, motivating, usability and real life relatedness. The content related quality criteria comprise of these 
aspects: objectives validity; feedback; cognitive development, and compliance to standards3,15. 
The type of evaluating DLOs can be classified into two categories; either managed manually through human 
review which is qualitative, could be highly subjective and sometimes unreliable, or by employing soft computing 
methods. In soft computing methods only the relative importance/weights assigned to each predefined criteria is 
done by experts or decision makers. In the literature the directions of selecting suitable DLOs falls into two main 
categories; applying soft computing techniques to search metadata identifiers of DLOs from the LOR. The other 
bunch of studies focused on selecting optimal DLO by using soft computing particularly multi criteria decision 
analysis approaches. 
Ochoa12 addressed the relevancy metrics of DLOs as; algorithmic, topical, pertinence, cognitive or personal and 
situational. Similarly, Albeanu and Vladicescu1 proposed selecting criteria for DLOs from LOR as topical, content-
similarity topical, internal topical, personal, user similarity personal, and context similarity situational relevancy.  
Current soft computing decision-making techniques include fuzzy and evolutionary computing, neural networks, 
support vector machines, machine learning and probabilistic reasoning. Among them, multi-criteria decision making 
analysis which is widely applied to many circumstances in the literature and is classified as intuitionistic fuzzy 
computing with triangular and trapezoidal determination of fuzzy number values as prevalent practices.  MCDA 
practices to select DLOs from LORs can be entitled as; Elimination and Choice Translating Reality(ELECTRE), 
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), Multiplicative Exponential Weighting 
(MEW), Simple Additive Weighting (SAW) and Fuzzy Analytic Hierarchy Process (FAHP). These MCDM methods 
can be compared according to trustworthiness, perceived simplicity, quality and robustness. Volariü20 pointed out 
that TOPSIS method can be a handy tool for selecting optimal learning activities. Besides, some well-known 
optimization methods like scalarization and adapted version of TOPSIS were used in order to make decisions about 
the quality of DLOs1,5. 
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Numerous studies have investigated human review evaluation of DLOs however, yet up-to-date few studies 
investigated the evaluation of DLOs from the soft computing perspective. Moreover studies investigating DLOs’ 
quality assurance from multi-criteria decision analysis perspective are also scarce. This makes evident that there is a 
need for studies utilizing soft-computing information retrieval techniques to decide on the quality of DLOs. To date, 
there is not an off-the-shelf, end-to-end solution available for the educational market. 
In the light of above, this study firstly reviews frameworks in identifying the quality attributes/criteria of DLOs. 
Secondly the paper mentions what has been done in the literature so far on the types of up-to-date soft computing 
methods used for selecting suitable DLOs from LOR. Lastly, it intends to encapsulate literature on most commonly 
used multi-criteria decision analysis techniques for the purpose of evaluating quality of DLOs upon a given set of 
predefined criteria within the framework of the first part. This study is believed to be supportive supply to 
researchers who would like to see what has been done and what can be done further.  
2. Methodology for Selecting and Evaluating DLOs 
If learning objects are poorly designed or used inappropriately, learning will suffer. Therefore, two essential 
components of quality assurance must be addressed as the intention of usage and the quality of the content. To select 
DLOs to guarantee high quality in both content and structure distinct evaluative criteria with content based and 
technically equipped features should be provided. However, so far DLO human initiated reviews have provided little 
or no information about numerical rating that would allow quick comparison among resources or quality-based 
sorting of search results. 
As Albeanu and Vladicescu1 stated before that objectives fulfilment; content validity; feedback; cognition 
development, and compliance to standards3,15 are defining attributes for students and teachers in selecting suitable 
DLOs.  However, these set of criteria is not adequate for classifying and locating proper DLOs from LOR. Such 
discrepancy has emerged the need for selecting DLOs based on multi-criteria decision analysis.  
Nash11 identified the important factors as; relevance, usability, appropriateness, support, redundancy of access, 
size, mode of delivery. While Belton and Stewart2 listed in their book the defining factors for structuring all types of 
problems in multi-criteria decision analysis approaches as; value relevance; understandability; measurability; non-
redundancy; judgmental independence; balancing completeness and conciseness; operationality; simplicity versus 
complexity. 
Kurilovas and Serikoviene7,8 addressed the reusability as being portable, an indicator of overall quality of a DLO. 
However, reusable DLO does not always guaranties quality of DLO. Therefore they proposed a set of criteria for 
reusability and a method for measuring the quality of a DLO. For this aim, an expert evaluation is deployed by 
creating fixed, finite set of alternative options for decision making which is pre-defined through ranking of the 
scores for each element. Then aim is to choose possible, optimal option among the multiple criteria which is known 
as multiple criteria decision analysis approach.  
The adapted evaluation criteria framework of Kurilovas and Serikoviene7,8 were focused in this paper including: 
relevance; understandability, measurability, non-redundancy, judgmental independence, balancing completeness and 
conciseness, operationality, simplicity versus complexity. Kurilovas and Serikoviene7,8 divided the technological 
quality criteria into internal and usage qualities. Internal quality represents the quality of software independently 
from any particular context of its use, while usage quality is decided based on criteria that conclude about the value. 
Kurilovas and Serikoviene7,8 added other relevant criteria as: interactivity, strong visual structure; language 
independency; ease of use, intuitiveness and intellectual property rights (IPR)6. 
2.1. Selecting DLOs 
Few studies were located to deal with metrics based selection of DLOs from LORs by employing MCDA 
approaches1,12,13. According to Albeanu and Valdescu1, selection of DLOs were classified into five main categories 
as algorithmic, (topical basic- adapted from journal impact factor metric from Ochoa12 and course similarity), 
appropriateness(internal), cognitive or personal(user-similarity and personal) and circumstantial ( context-similarity-
situational). The proposed relevancy ranking methods were summarized in Table 1: 
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     Table 1. Types of metric used in selecting DLOs, content summarized from 1 
 
 
2.2. Evaluating DLOs 
Vargo et al.19 stated the importance of having reusable, easily accessible, and coherent DLOs with LOM 
(Learning Object Metadata) standards3. Vargo et al.19 summarized other quality criteria as; aesthetics, design for 
learning, accuracy, support for goals of learning, motivation, interaction-usability, interaction-feedback, reusability, 
metadata interoperability compliance and accessibility. Belton and Stewart’s2 proposed model for multi criteria 
decision analysis in broader sense. The components of this model are linkage, common sense agreement, 
measurability, non-redundancy, subjective autonomy, balance in completeness and brevity, robustness and 
simplicity versus complexity. Kurilovas et. al5,6 adapted a model for multiple criteria decision making analysis 
particular for evaluating quality attributes of DLOs. This model includes three main categories as technological 
quality (reusability, design and usability, robustness, architecture) pedagogical criteria (level of interaction, language 
portability, easy to use) and lastly Intellectual Property Rights (IPR) (licensing, cost). These set of criteria for fuzzy 
soft computing methods will be considered throughout the rest of the paper.  
 
3. Multi Criteria Decision Analysis(MCDA) Techniques for Evaluating DLOs 
Among numerous methods used in soft computing multi criteria decision making approaches are quite popular 
and widely used which can be applied to almost every area. The three phases of MCDA in evaluating alternatives 
are listed as; to decide proper set of criteria and alternatives, to assign weights that show criteria’s relative 
importance to the effect of alternatives, to process and interpret numerical values which decide on the rank of each 
alternative as compared to total preference. Steps followed in the evaluation of the quality of DLOs include  firstly 
developing a set of criteria on quality measures of DLOs then using intuitionistic fuzzy group decision making 
methods to obtain evaluation measures.  
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3.1. Using Distance Based Similarity for Evaluation (adapted from TOPSIS) 
Triantaphyllou et al.18 explained the main logic behind this method that the selected alternative should have the 
shortest distance from the ideal solution and the farthest distance from the negative-ideal solution in a geometrical 
sense. For this purpose, Euclidean distance is deployed to evaluate the relative closeness of alternatives to the ideal 
solution. Thus, the preference order of alternatives is yielded through comparing these relative distances. Albeanu 
and Vladicescu1 adapted this approach to the evaluation of DLOs which was originally known as TOPSIS - 
technique for order preference by similarity to ideal solution - which was primarily suggested by Hwang and Yoon4.  
The ranking principle of TOPSIS is based on positive ideal solution (PIS) and a negative ideal solution (NIS) which 
suitable alternative should be of shortest PIS and of longest in distance from NIS. Albeanu&Vladicescu1 used 
normalized Euclidean distance to calculate the distance. 
The steps of distance based similarity are identified as follows: 
3.2. Using Scalarization Method for Evaluation 
One of the recognized optimization methods that were also adapted and used in evaluating quality of DLOs is 
scalarization method5. As Kurilovas & Serikoviene7 and Serikoviene16 noted that the following formula known as 
experts’ additive utility function (1) will reduce multiple set of criteria into a single criterion through the addition of 
the set of criteria along with their weights where f i(X j) denotes rating of the criterion i whereas X j shows 
alternatives (i.e. DLOs).  The normalized weights were used. As stated earlier MCDA approaches always starts with 
the developing a set of either qualitative or quantitative criteria. Most of the time criteria decisions were in verbal 
form such as ‘bad’, ‘poor’, ‘fair’, ‘good’ and ‘excellent’. As Kurilovas and Serikoviene7 addressed that these values 
are vague and uncertain. That is why they are called fuzzy values. The need for transforming these verbal decisions 
into numerical values for evaluation is inevitable. For this purpose, Ounaies et al.14 proposed fuzzy group decision 
making method to obtain final evaluation. 
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3.3. Using Fuzzy Group Numbers in Evaluating  DLOs  
To solve fuzzy multi-criteria decision making evaluation problems, fuzzy numbers are used. The fuzzy numbers 
can be triangular (fuzzy numbers which represented by three points); trapezoidal (having several values whose 
membership degree is maximum (=1)) and bell-shaped (represented by bell shape with mean and standard 
deviation). Different fuzzy numbers serve different purposes depending on the nature of the problem, but in practice 
trapezoidal and triangular fuzzy numbers are most widely used especially for evaluating DLOs 5,7,20.   
3.3.1. Using Triangular Fuzzy Numbers 
 
As the first step, verbal variables are transformed into triangular fuzzy numbers denoted by TFN (l, m, u) (see 
Figure 1). After this mapping which converts global fuzzy evaluation results, expressed by (l,m,u), to a non-fuzzy 
value E (2), the following equation has been adopted from Ounaies14 as cited in 7. The parameters l, m, u represent 
the lower, mean and upper possible real numbers (m is the total number of experts) and where n is the total number 
of criteria.  The evaluation is based on the qualitative weighted sum approach (QWS). QWS establishes and weights 
a list of criteria and is based on the use of symbols. Defined relative importance levels for weights are expressed as; 
1. E = Essential, 2. * = Extremely valuable, 3. # = Very valuable, 4. + = Valuable, 5. | = Marginally valuable, 6. 0 = 
Not valuable7. Converting these variables into non-fuzzy values of the evaluation criteria is as follows: 
‘excellent’=0.850; ‘good‘=0.675; ‘fair’=0.500; ‘poor’=0.325; ‘bad’=0.1507(see Table 2 and Table 3 below). The 
weight of the evaluation criterion represents experts’ opinion on the criterion’s importance level in comparison with 
the other criteria for the particular needs. The weights decided by experts can be either equal or different form each 
other.  
 
 
   Table 2. Verbal Variables and corresponding Triangular Value 
 
Verbal variables TFN 
Excellent (0.700, 0.850, 1.000) 
Good (0.525, 0.675, 0.825) 
Fair (0.350, 0.500, 0.650) 
Poor (0.175, 0.325, 0.475) 
Bad (0.000, 0.150, 0.300) 
                                Table 3. Converting Verbal Variables to E values 
 
 
 
 
 
 
Verbal variables and QWS     Non-fuzzy  E values  
Excellent (E or *) 0.850 
Good (#) 0.675 
Fair (+)    0.500 
Poor (|)    0.325 
Bad (0) 0.150 
Figure 1. Triangular fuzzy numbers 
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3.3.2. Using Trapezoidal Fuzzy numbers  
 
             A trapezoidal fuzzy number (see Figure 2) can be defined A= (a1, a2, a3, a4) and the membership function 
(3) for this number can be represented as follows: 
  
 
 
         Figure 2. Trapezoidal Fuzzy Numbers 
 
Verbal variables are converted into trapezoidal fuzzy numbers through above membership function (see Table 4 
below).  
Table 4 Trapezoidal Fuzzy Numbers 
Verbal Variables Trapezoidal fuzzy numbers 
Excellent (0.800, 1.000, 1.000, 1.000)
Good (0.600, 0.800, 0.800, 1.000)
Fair (0.300, 0.500, 0.500, 0.700)
Poor (0.000, 0.200, 0.200, 0.400)
Bad (0.000, 0.000, 0.000, 0.200)
 
  
It should be noted that when a2=a3 triangular fuzzy number becomes special case of trapezoidal fuzzy number. 
Similarly for the triangular fuzzy number approach, experts’ additive utility function is used to calculate the weights 
and the ratings (values) of for each DLO. Criteria ratings (values) are also obtained for evaluating the quality of 
DLO alternatives. 
 
4. Conclusion 
    This paper is an explanatory attempt to review the literature using MCDA particularly in selecting and evaluating 
DLOs. For this purpose, two proposed frameworks were reviewed and most commonly used multi criteria decision 
analysis methods were explained namely; distance similarity based evaluation/ adapted from TOPSIS, 
scalarizationmethod and using fuzzy group decision making with triangular and trapezoidal fuzzy numbers which 
established the main focus of this paper. Improving the quality of digital learning objects not only provides positive 
impact to the educational market but also enhances teaching and learning practices as well. Moreover, applying 
multi-criteria decision making techniques significantly reduces subjectivity and time spent on evaluation while 
providing reliable judgments about the quality and reusability of DLOs. Incoming future research directions will be 
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towards application and comparison of various fuzzy decision making models for the selection and evaluation of 
suitable digital learning objects using subjective judgments of experts.  
References 
1.Albeanu G, Vladicescu FP.Recent Soft Computing Approaches in Digital Learning ObjectEvaluation. In:The 8thInternational Scientific 
Conference eLearning and Software for Education;April 26-27, Romania,2012, 2, p. 16-21. 
2.Belton V, Stewart TJ.Multiple Criteria Decision Analysis: An Integrated Approach. 1st ed.Dordrecht: Kluwer Academic Publishers;2002. 
3. IEEE LOM. IEEE 1484.12.1-2002 Standard for Learning Object Metadata http://ltsc.ieee.org/wg12 (retrieved June 2016) 
4.HwangCL, YoonK.Multiple attributes decision making methods andapplications.1st ed. Germany:Springer; 1981. 
5.KurilovasE, BirenieneV, Serikoviene S. Methodology for Evaluating Quality and Reusability of Learning Objects.Electronic Journal of e- 
Learning 2011;9.1:39-51. 
6.KurilovasE, Dagiene V.Learning Objects and Virtual Learning Environments Technical Evaluation Criteria. Electronic Journal of e- 
Learning 2009;7.2:127-136 
7.Kurilovas E, SerikovieneS. Learning Content and Software Evaluation and Personalisation Problems. Informatics in Education 2010;9.1:91- 
114. 
8.KurilovasE,Serikoviene S. Application of Scientific Approaches for Evaluation of Quality of Learning Objects in eQNet Project. In: World 
Summit on Knowledge Society; September, Greece, 2010,1.3, p.329-335. 
9.Metros SE, Bennett KA. Learning Objects in HigherEducation.EDUCASE Research Bulletin 2002;19:2-10. 
10.MusprattS,Freebody P. Students’ Evaluations of Learning Objects: Challenge, Graduated Difficulty, and Interactivity. In: AARE Annual  
Conference.November25-29, Australia, 2007. 
11.Nash S. Learning Objects, Learning Object Repositories, and Learning Theory: Preliminary Best Practices for Online Courses.  
Interdisciplinary Journal of Knowledge and Learning Objects2005;1:217- 228. 
12.Ochoa X. Learnometrics.Metrics for Learning Objects.Belgium:KatholiekeUniversiteit LeuvenFaculteitIngenieurswetenschappen;2008. 
13.Ochoa X. Learnometrics. Metrics for learning objects. In: Proceedings of the 1st International Conference on Learning Analytics and 
Knowledge;February 27-March 1, Canada, 2011,p. 1-8. 
14.Ounaies HZ, JamoussiY, Ben Ghezala HH. Evaluation framework based on fuzzy measured method in adaptive learning system.Themes in  
Science and Technology Education2009;1.1:49-58. 
15.SCORM: Sharable Course Object Reference Model. 2004. http://adlnet.org/ 
16. SơrikovienơS.Research on application of learning objects reusability and quality evaluation methods. Vilnius: Vilnius Universitetas; 2013. 
17. Sicilia MA, Garcia E.On the Concepts of Usability and Reusability of Learning Objects.International Review of Open and Distance 
Learning2003;4.2:1-11. 
18.Triantaphyllou E, Shu B, Sanchez SN, Ray T. Multi-criteria decision making: an operations research approach. Encyclopedia of Electrical  
and Electronics Engineering1998;15:175-186. 
19. Vargo J, Nesbit JC, BelferK, ArchambaultA. Learning object evaluation: Computer-mediated Collaboration and Inter- Rater Reliability.  
International Journal of Computers and Applications2003;25.3:198-205. 
20.Volariü T, BrajkoviüE,SjekavicaT. FAHP and TOPSIS Methods for the Selection of Appropriate Multimedia Application for Learningand  
Teaching.International Journal of Mathematical Models and Methods in Applied Sciences 2014;8:224-232. 
 
 
 
 
 
 
 
